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Research Article

Blacks die at a higher rate than Whites from circulatory-
related diseases (e.g., heart disease; U.S. Department of 
Health and Human Services, 2014). Prominent theories 
have suggested that one cause of this disparity is that 
Blacks experience more discrimination, which leads to 
stress, which in turn has negative health consequences 
(Clark, Anderson, Clark, & Williams, 1999; Hatzenbuehler, 
Phelan, & Link, 2013; Major, Mendes, & Dovidio, 2013). 
Studies supporting this view have found that the percep-
tion of discrimination is associated with anxiety, cardio-
vascular threat response, hypertension, and mortality 
(Barnes et al., 2008; Mendoza-Denton, Downey, Purdie, 
Davis, & Pietrzak, 2002; Pascoe & Richman, 2009; Sawyer, 
Major, Casad, Townsend, & Mendes, 2012; Williams & 
Mohammed, 2009).

Although this previous work suggests that perceived 
racial bias contributes to disparities between Blacks’ and 

Whites’ health, less is known about whether the actual 
racial bias of Whites contributes to these disparities. A 
deeper understanding of links between Whites’ racial 
bias and racial health disparities could help identify com-
munities in greatest need of prejudice-prevention and 
health-promotion interventions. Therefore, the aim of the 
current research was to establish whether Black-White 
disparities in risk of circulatory disease and in circula-
tory-disease-related death rate are greater in communi-
ties where Whites harbor more racial bias.
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Abstract
Perceptions of racial bias have been linked to poorer circulatory health among Blacks compared with Whites. However, 
little is known about whether Whites’ actual racial bias contributes to this racial disparity in health. We compiled racial-
bias data from 1,391,632 Whites and examined whether racial bias in a given county predicted Black-White disparities 
in circulatory-disease risk (access to health care, diagnosis of a circulatory disease; Study 1) and circulatory-disease-
related death rate (Study 2) in the same county. Results revealed that in counties where Whites reported greater racial 
bias, Blacks (but not Whites) reported decreased access to health care (Study 1). Furthermore, in counties where 
Whites reported greater racial bias, both Blacks and Whites showed increased death rates due to circulatory diseases, 
but this relationship was stronger for Blacks than for Whites (Study 2). These results indicate that racial disparities in 
risk of circulatory disease and in circulatory-disease-related death rate are more pronounced in communities where 
Whites harbor more explicit racial bias.
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Whites’ Racial Biases and Health 
Disparities

Previous research has contrasted two forms of racial 
bias: explicit and implicit bias. Explicit bias refers to 
deliberate, consciously controlled biases, whereas 
implicit bias refers to more automatic biases that are  
difficult to control (Greenwald, Poehlman, Uhlmann, & 
Banaji, 2009). Explicit and implicit racial biases are posi-
tively correlated, though research suggests that they are 
relatively independent constructs (Hofmann, Gawronski, 
Gschwendner, Le, & Schmitt, 2005). The distinction 
between explicit and implicit biases is supported by 
research showing that explicit bias predicts intentional 
behaviors, whereas implicit bias predicts relatively unin-
tentional behaviors (Dovidio, Kawakami, & Gaertner, 
2002).

Both explicit and implicit racial biases might contribute 
to racial health disparities. For instance, Whites’ explicit or 
implicit racial bias may hinder Blacks’ access to health 
care and thus decrease the likelihood that Blacks will 
receive diagnosis of and treatment for health problems. 
Additionally, Whites’ explicit or implicit bias may contrib-
ute to hostile community environments that evoke psy-
chological stress in Blacks, and stress has been linked to 
circulatory disease (Black & Garbutt, 2002). Studies con-
sistent with these possibilities have demonstrated that 
Blacks show increased death rates in regions where pop-
ulation-level measures (i.e., survey responses from multi-
racial samples) reveal more explicit anti-Black attitudes 
(Kennedy, Kawachi, Lochner, Jones, & Prothrow-Stith, 
1997; Lee, Kawachi, Muennig, & Hatzenbuehler, 2015). 
Similarly, Blacks die at a higher rate in regions where 
more racist Internet searches are conducted (Chae et al., 
2015), and sexual minorities have shorter life expectan-
cies in regions where population-level measures reveal 
more antigay attitudes (Hatzenbuehler, Bellatorre, et al., 
2014).

Though these studies provide evidence for the perva-
sive effects of explicit bias, several important questions 
remain. First, is there a relationship between the domi-
nant group’s (e.g., Whites’) negative attitudes toward a 
targeted group (e.g., Blacks) and the targeted group’s 
health? Addressing this question would be important, as 
previous research has not disaggregated the bias of tar-
geted and nontargeted groups. For instance, Lee et  al. 
(2015) examined the effects of population-level anti-
Black attitudes that were aggregated across all respon-
dents (including Blacks). Similarly, Hatzenbuehler, 
Bellatorre, et al. (2014) examined the effects of popula-
tion-level antigay attitudes that were aggregated across 
straight and gay respondents. Accordingly, these studies 
leave open the possibility that effects of population-level 
bias on the target group’s health are driven by that group’s 

bias against itself (e.g., Blacks’ anti-Black attitudes), as 
opposed to nontargeted groups’ bias against the target 
group (e.g., Whites’ anti-Black attitudes).

Second, does explicit or implicit bias play a stronger 
role in predicting Black-White health disparities? Given 
that explicit and implicit biases are positively correlated 
(Hofmann et al., 2005), it would be important to deter-
mine whether they independently predict health dispari-
ties. Indeed, understanding the independent relationships 
between the various forms of bias and health could pro-
vide insight into whether explicit or implicit bias should 
be the target of interventions aimed at reducing health 
disparities.

Finally, would a relationship between racial bias and 
health emerge across a large number of small geographic 
areas? Previous research has examined relationships 
between bias and health outcomes in a relatively limited 
number of large geographic areas (Chae et al., 2015: n = 
196; Hatzenbuehler, Bellatorre, et  al., 2014: n = 170;  
Kennedy et al., 1997: n = 39; Lee et al., 2015: n = 100). 
Given that bias might vary within geographic units (e.g., 
county-to-county variation within a state), examining the 
effects of bias across smaller geographic areas may pro-
vide a more sensitive analysis.

To address these issues, we examined whether Black-
White disparities in risk of circulatory disease (Study 1) 
and in rate of death due to circulatory disease (Study 2) 
were more pronounced in counties where Whites har-
bored more racial bias. We pitted explicit and implicit 
biases against one another to determine the stronger pre-
dictor of health outcomes.

Study 1

Data sources

Racial bias. To assess explicit and implicit racial bias, 
we compiled data from Project Implicit (Xu, Nosek, & 
Greenwald, 2014), an initiative that has measured racial 
bias from millions of respondents over the Internet since 
2002. Project Implicit has generated the largest known 
repository of data on explicit and implicit bias. Though 
respondents are self-selected, a major strength of the data 
set is that their general geographic locations can be 
ascertained from their Internet protocol (IP) addresses.

At the time when we obtained the Project Implicit data 
set, it included responses made from 2002 through 2013, 
though only five responses (0.0001%) were from 2002. 
Because we examined changes in bias over time and 
sought reliable estimates of bias in each year, we omitted 
2002 responses. Thus, our analyses included responses in 
the time window from 2003 through 2013. Respondents 
completed measures of both explicit and implicit racial 
bias. For the measure of explicit racial bias, community 
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members rated how warm they felt toward European 
Americans and toward African Americans, on scales from 
0 (coldest feelings) to 10 (warmest feelings). We com-
puted the difference between these responses (warmth 
toward European Americans minus warmth toward  
African Americans) and operationalized pro-White expli-
cit bias as more reported warmth toward European 
Americans compared with African Americans.

The measure of implicit racial bias was an Implicit 
Association Test (IAT), a speeded dual-categorization 
task in which respondents categorized social targets (e.g., 
Black and White faces) and verbal targets (e.g., words 
referring to “good” and “bad” things) by key press. Faster 
responses when White faces and “good” things (and 
Black faces and “bad” things) required the same key 
press, as compared with the inverse pairing, reflect pro-
White implicit attitudes (Greenwald et al., 2009). The IAT 
was scored according to the D measure (Greenwald, 
Nosek, & Banaji, 2003). Explicit and implicit bias at the 
county level were positively related, r = .25, p < .0001.

Within the Project Implicit data set, we identified 
White respondents for whom the county where they 
completed the measures was known: 1,391,632 responses 
from 1,836 counties met these inclusion criteria (M = 
759.57 responses per county, SD = 1,766.10). Counties 
were defined according to the February 2013 Federal 
Information Processing Standard (FIPS) county codes of 
the U.S. Census Bureau’s (2013) Metropolitan and Micro-
politan Delineation Files.

A limitation of the Project Implicit data set is that it 
was obtained with convenience sampling, and thus the 
sample for a given county may not be representative of 
all individuals in that county. One dimension on which 
the Project Implicit sample was likely nonrepresentative 
was age: Whereas the median age for all Project Implicit 
respondents was 23, the national median age was 37, 
according to the Median Age by Sex report from the U.S. 
Census Bureau’s 2009–2013 American Community Survey 
(ACS).1 Estimating the racial bias of older nonrespon-
dents would be important, given that racial bias is signifi-
cantly greater among older individuals (Gonsalkorale, 
Sherman, & Klauer, 2009). Accordingly, we used post-
stratification weights that assigned greater weight to 
respondents the more representative they were of the 
age distribution of their community’s population (cf. 
Lohr, 2009). We employed the following poststratification 
weighting scheme. First, separately for explicit and 
implicit bias, we computed average racial-bias scores for 
five age groups in each county: 15–24, 25–34, 35–54, 55–
75, and 75+. Second, we determined the population 
count of Whites in each of these age groups in each 
county using the Sex by Age (White Only) reports from 
the U.S. Census Bureau’s 2005–2009 and 2009–2013 ACSs. 
Third, for each county, we computed estimates for explicit 

and implicit racial bias that were weighted by the White 
population count in each age group in that county. The 
result of this weighting scheme was that respondents 
were assigned a greater weight when they belonged to 
an age group that was more populous in their county. We 
report findings obtained using this weighting scheme, 
but our conclusions were identical when we used 
unweighted county averages (see the Supplemental 
Material available online).

Although the racial-bias measure was limited to an 
11-year window, we believe that it served as a reasonable 
proxy for prejudice before and after this time period. 
Supporting this notion, fixed-effects models revealed that 
year (treated as a factor) accounted for only 1% of the 
variance in explicit bias and 2% of the variance in implicit 
bias. In contrast, county (treated as a factor) accounted 
for 42% of the variance in explicit bias and 27% of the 
variance in implicit bias. Thus, year-to-year change in 
bias was minimal, whereas counties differed consider-
ably in their levels of bias. Moreover, previous work has 
demonstrated that racial bias is highly stable over time, 
even following a historic event (i.e., Barack Obama’s rise 
to the presidency; Schmidt & Nosek, 2010).

Accordingly, we included racial-bias estimates from 
2013, even though data from the previous year were used 
to calculate our outcome measures of risk of circulatory 
disease (see the next section). The advantage of includ-
ing racial-bias responses from 2013 was that it maximized 
the sample (i.e., 8% of all responses in the data set were 
from 2013), thereby increasing the reliability of the racial-
bias estimates. Nevertheless, when we used racial-bias 
data from 2003 through 2012 only, the pattern of findings 
was extremely similar to what we report here (see the 
Supplemental Material).

Risk of circulatory disease. To estimate risk of circu-
latory disease, we compiled data from the 2012 Selected 
Metropolitan/Micropolitan Area Risk Trends (SMART) of 
the Behavioral Risk Factor Surveillance System survey, a 
telephone survey in which participants were asked about 
their health risk factors (Centers for Disease Control and 
Prevention, CDC, 2013). We targeted two factors related 
to circulatory-disease risk.

First, we examined participants’ response to the ques-
tion, “Was there a time in the past 12 months when you 
needed to see a doctor but could not because of cost?” We 
coded “yes” responses as 0 and “no” responses as 1. Thus, 
when aggregated at the county level, responses to this 
question provided an estimate of the percentage of county 
residents who had access to affordable health care.

Second, to determine the percentage of respondents 
who had been diagnosed with circulatory diseases, we 
examined responses to two questions: “Has a doctor, 
nurse, or other health professional ever told you that you 
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had a heart attack, also called a myocardial infarction?” 
and “Has a doctor, nurse, or other health professional 
ever told you that you had angina or coronary heart dis-
ease?” We coded “yes” responses as 1 and “no” responses 
as 0. Responses to these items were strongly related for 
both Blacks, r = .66, p < .0001, and Whites, r = .77, 
p < .0001. For parsimony, we averaged responses to these 
two items. When aggregated at the county level, these 
averages provided an estimate of the percentage of 
county residents who had received these diagnoses.

In total, 23,522 Blacks from 208 counties and 175,637 
Whites from 210 counties completed the health survey 
(White responses per county: M = 836.37, SD = 591.07; 
Black responses per county: M = 113.09, SD = 193.83). 
We aggregated responses by race and county to arrive at 
separate point estimates for the percentages of Whites 
and Blacks with access to health care and with circula-
tory-disease diagnoses. Figure 1a shows the location of 
the 205 counties for which we had estimates of Whites’ 
racial bias and SMART-survey responses from both Blacks 
and Whites.

Race. Participants reported their race on the SMART sur-
vey. Race was coded as 0 for Black and 1 for White.

Covariates
Sex and age. Participants reported their sex and age 

(in years) on the SMART survey. Sex was coded as −1 for 
male and 1 for female.

Population. Population estimates by race and county 
were derived from the modified counts for 2010 from the 
following U.S. Census Bureau report: Annual Estimates 
of the Resident Population by Sex, Race Alone or in 
Combination, and Hispanic Origin for the United States, 
States, and Counties: April 1, 2010 to July 1, 2013. From 
these data, we computed the total population (the sum 
of Blacks and Whites) and the Black-to-White ratio of the 
population for each county in 2010. To produce unstan-
dardized regression coefficients that were interpretable, 
we log-transformed the total-population estimates (but 
not the Black-to-White ratios).

Education. County-level education was assessed by 
averaging the high school graduation rates for Blacks 
and Whites (data taken from the U.S. Census Bureau’s 
2009–2013 ACS: report titled Sex by Educational Attain-
ment for the Population 25 Years and Over).

Income, unemployment, and poverty. County-level 
income, unemployment, and poverty were assessed by 
compiling data for Whites and Blacks from the 2005–2009 
and 2009–2013 ACSs (income data were taken from the 
reports titled Median Household Income in the Past 12 

Months (Householder), unemployment data were taken 
from the reports titled Employment Status, and poverty 
data were taken from the reports titled Poverty Status 
in the Past 12 Months by Sex and Age). County-level 
income was estimated by averaging the median house-
hold income for Whites and Blacks. County-level unem-
ployment was estimated by averaging the unemployment 
rates for Whites and Blacks. County-level poverty was 
estimated by averaging the poverty rates for Whites and 
Blacks. So that unstandardized coefficients would be 
interpretable, we divided income values by 10,000.

Segregation. County-level racial segregation was 
indexed via dissimilarity, an estimate of the percentage 
of non-Hispanic Whites who would have to move to 
another census tract within the same county in order to 
achieve racial integration with non-Hispanic Blacks. Dis-
similarity indices at the county level were provided by 
J. Dewitt (personal communication, December 15, 2015) 
and were based on methods described in Frey and Mey-
ers (2005). We averaged dissimilarities from 2000 and 
2010, so that each county had one value of dissimilarity.

Geographic mobility. A relationship between racial 
bias and Black-White health disparities could be driven 
by social selection forces. Specifically, rather than reflect-
ing an effect of racial bias, health disparities could be 
due to more healthy Blacks selecting to live in environ-
ments with lower bias or to sick Blacks selecting to live 
in high-bias environments. Accordingly, we accounted 
for geographic mobility, as has been done in previous 
work (Hatzenbuehler, Jun, Corliss, & Austin, 2014). The 
U.S. Census Bureau’s 2005–2009 and 2009–2013 ACSs 
provided estimates of the percentage of Blacks in each 
county who moved into that county during the previous 
year (a) from a different county in the same state, (b) 
from a different state, and (c) from abroad (data taken 
from the reports titled Geographic Mobility by Selected 
Characteristics in the United States). For each county, we 
summed these three percentages in each time window 
and then averaged the two sums to obtain a single index 
of geographic mobility.

Housing density. To capture where each county fell 
on the continuum from rural to urban, we assessed hous-
ing density, the number of housing units per square mile. 
For each county, we averaged housing-density values 
across the U.S. Census Bureau’s 2000 and 2010 Popula-
tion, Housing Units, Area, and Density reports.

Age bias. To examine whether any effects were spe-
cific to racial bias, or generalized to bias on nonracial 
dimensions, we used Project Implicit’s age-bias data from 
2003 through 2013. Project Implicit’s indices of age bias  
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paralleled those for race bias. Implicit age bias was 
indexed with an IAT (respondents categorized young 
and old faces and “good” and “bad” words), and explicit 
age bias was indexed with feeling thermometers for 
young and old people (explicit age bias was computed 
as warmth toward young people minus warmth toward 
old people). This data set contained 585,242 geo-coded 
responses from 1,850 counties (M = 316.35 responses per 
county, SD = 777.29). We estimated county-level implicit 
age bias and explicit age bias following the same proce-
dures used to compute race bias.

Results

To determine whether Whites’ explicit or implicit racial 
bias (as measured by Project Implicit) independently pre-
dicted health risk for Blacks and Whites, we employed 
generalized estimating equations (GEEs). We analyzed 
the data using GEEs with robust standard errors in light 
of the minimal distributional assumptions they require 
and their robustness to misspecification in large samples 
(Hubbard et al., 2010). Our conclusions do not depend 
on the decision to use GEEs; effects for all analyses were 

Fig. 1. Results for racial disparities in (a) access to affordable health care (Study 1) and (b) death rate (per 100,000) due to circulatory diseases (Study 
2). In (a), darker colors indicate counties where Whites reported greater access to health care than Blacks; in (b), darker colors indicate counties where 
Blacks died from circulatory diseases at a higher rate than Whites did. For interactive versions of these maps, visit www.jordanbleitner.com/maps.
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similar when estimated with mixed linear models. All 
predictors were mean-centered unless otherwise noted. 
The number of responses on the health survey varied 
across counties, and we conjectured that our county-level 
health estimates were more accurate in counties where 
more participants completed the survey. Therefore, we 
weighted counties by the number of responses on the 
health survey. To isolate the effects of race and bias, we 
controlled for age, sex, and all the county-level covariates 
described in the Method section (total population, Black-
to-White ratio of the population, education, income, 

unemployment, poverty, segregation, geographic mobil-
ity, housing density explicit age bias, and implicit age 
bias).

Access to health care. Figure 2a shows the relationship 
between Whites’ explicit racial bias and Whites’ and 
Blacks’ access to affordable health care before account-
ing for covariates. To test whether Black-White disparities 
in access to health care were more pronounced in coun-
ties where White respondents showed more racial bias, 
even after controlling for county-level covariates, we 
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Fig. 2. Bubble plots showing the county-level relationships between average explicit racial bias of White respon-
dents and (a) the percentage of respondents with access to affordable health care (Study 1), (b) the percentage 
of respondents with diagnoses of circulatory disease (Study 1), and (c) the age-adjusted rate of death due to 
circulatory diseases (deaths per 100,000; Study 2). The size of each plotted circle is proportionate to the number 
of respondents in that county. The lines are the best-fitting regression lines before covariates were entered in the 
model. For visualization purposes only, counties with values that deviated from the mean by more than 2.5 SD are 
not shown in the graphs in (a) and (c) (2% of counties, but see the Supplemental Material for plots that include 
these counties), and the graph in (c) does not show counties that had fewer than 50 responses on the racial-bias 
measure (the bubbles would be too small to visualize).
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regressed the percentage of respondents who had access 
to affordable health care on race, explicit racial bias, 
implicit racial bias, the Race × Explicit Racial Bias interac-
tion, the Race × Implicit Racial Bias interaction, all covari-
ates, and the interactions between the covariates and 
race (Table 1). The significant effect of explicit racial bias 
was qualified by the Race × Explicit Racial Bias interac-
tion. Simple-slopes analyses indicated that increased 
explicit racial bias predicted decreased access to health 
care for Blacks, b = −0.064, SE = 0.025, z = 2.563, p = 
.0103, but this relationship was not significant for Whites, 
b = −0.003, SE = 0.011, z = 0.300, p = .7587. With all 
covariates included in the analysis, in counties with high 
(1 SD above the mean) explicit racial bias, Blacks were 
8% less likely than Whites to report access to affordable 

health care. In contrast, in counties with low (1 SD below 
the mean) explicit racial bias, Blacks were 3% less likely 
than Whites to report access to affordable health care.

Notably, these analyses controlled for multiple socio-
economic indices, so socioeconomic status did not 
appear to account for the link between explicit racial bias 
and the racial disparity in access to health care. In con-
trast to explicit racial bias, implicit racial bias was unre-
lated to access to health care. Furthermore, given that the 
effects of age bias were not significant, the results suggest 
that racial bias specifically predicted Black-White dispari-
ties in access to health care. We report simple slopes 
for the significant interactions with covariates in the Sup-
plemental Material. Sex did not further moderate the 
Race × Explicit Race Bias interaction, p = .4964.

Table 1. Results of the Generalized Estimating Equation Analysis 
Predicting Access to Affordable Health Care in Study 1

Effect b SE z p

Race (Black = 0, White = 1) 0.057 0.008 7.479 < .0001
Explicit racial bias –0.064 0.025 2.563 .0103
Implicit racial bias 0.237 0.153 1.546 .1220
Race × Explicit Racial Bias 0.061 0.023 2.668 .0076
Race × Implicit Racial Bias –0.148 0.140 1.058 .2909
Sex (male = −1, female = 1) –0.010 0.003 3.211 .0013
Age 0.006 0.001 5.256 < .0001
Total population –0.012 0.014 0.894 .3711
Black-to-white ratio –0.037 0.036 1.025 .3066
Education –0.164 0.161 1.020 .3078
Income 0.018 0.007 2.458 .0140
Segregation 0.051 0.056 0.906 .3657
Geographic mobility 0.001 0.002 0.436 .6637
Unemployment –0.001 0.002 0.387 .6989
Poverty –0.002 0.002 0.860 .3899
Housing density < 0.001 < 0.001 1.249 .2117
Explicit age bias –0.023 0.030 0.762 .4456
Implicit age bias 0.103 0.112 0.922 .3575
Race × Sex –0.004 0.003 1.245 .2139
Race × Age –0.002 0.001 1.939 .0524
Race × Total Population 0.003 0.014 0.224 .8197
Race × Black-to-White Ratio 0.028 0.033 0.860 .3912
Race × Education 0.322 0.158 2.042 .0411
Race × Income < 0.001 < 0.001 < 0.001 .9661
Race × Segregation –0.057 0.051 1.122 .2609
Race × Geographic Mobility –0.001 0.002 0.735 .4624
Race × Unemployment –0.001 0.002 0.520 .6033
Race × Poverty 0.005 0.002 2.648 .0081
Race × Housing Density < 0.001 < 0.001 < 0.001 .9952
Race × Explicit Age Bias 0.047 0.028 1.688 .0916
Race × Implicit Age Bias –0.032 0.110 0.300 .7691

Note: Data from 204 counties were included in the analysis. Pseudo-R2 for the 
model was .62.
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Circulatory-disease diagnoses. Figure 2b shows the 
relationship between Whites’ explicit racial bias and 
Blacks’ and Whites’ rate of self-reported circulatory dis-
eases before accounting for covariates. To test whether, 
after accounting for covariates, Black-White disparities in 
diagnoses of circulatory diseases were more pronounced 
in counties where White respondents showed more racial 
bias, we regressed the percentage of participants in each 
county who reported receiving such diagnoses on the 
same predictors as in the model for access to health care 
(Table 2). The model with all covariates included showed 
that Blacks, compared with Whites, were more likely to 
receive diagnoses of circulatory diseases. However, nei-
ther explicit nor implicit racial bias was significantly 
related to the percentage of respondents with diagnoses 
of circulatory diseases. Moreover, neither the Race × 

Explicit Racial Bias interaction nor the Race × Implicit 
Racial Bias interaction was significant. Thus, even though 
greater explicit racial bias corresponded with increased 
Black-White disparities in access to affordable health care, 
greater explicit racial bias was not related to increased 
Black-White disparities in diagnoses of circulatory 
diseases.

Discussion

The Black-White disparity in access to affordable health care 
was more pronounced in counties where Whites harbored 
more explicit racial bias. However, explicit racial bias did not 
predict racial disparities in the percentage of respondents 
with circulatory-disease diagnoses. One potential explana-
tion for this null effect is that Blacks in more biased counties 

Table 2. Results of the Generalized Estimating Equation Analysis 
Predicting Circulatory-Disease Diagnoses in Study 1

Effect b SE z p

Race (Black = 0, White = 1) –0.008 0.003 2.890 .0038
Explicit racial bias –0.003 0.007 0.436 .6642
Implicit racial bias 0.023 0.038 0.592 .5534
Race × Explicit Racial Bias 0.010 0.007 1.327 .1847
Race × Implicit Racial Bias –0.019 0.040 0.480 .6314
Sex (male = −1, female = 1) –0.006 0.001 4.157 < .0001
Age 0.003 < 0.001 9.501 < .0001
Total population 0.002 0.004 0.346 .7248
Black-to-White ratio 0.004 0.009 0.412 .6772
Education –0.001 0.052 < 0.001 .9899

Income –0.004 0.002 2.345 .0190
Segregation 0.015 0.014 1.072 .2830
Geographic mobility 0.001 < 0.001 1.817 .0693
Unemployment < 0.001 0.001 0.346 .7324
Poverty < 0.001 0.001 0.693 .4896
Housing density < 0.001 < 0.001 1.400 .1615
Explicit age bias 0.007 0.007 0.964 .3356
Implicit age bias –0.022 0.036 0.600 .5467
Race × Sex –0.015 0.002 9.221 < .0001
Race × Age < 0.001 < 0.001 0.917 .3600
Race × Total Population –0.008 0.005 1.775 .0761
Race × Black-to-White Ratio 0.004 0.012 0.300 .7609
Race × Education –0.065 0.052 1.249 .2115
Race × Income 0.001 0.002 0.520 .6051
Race × Segregation –0.014 0.014 1.005 .3145
Race × Geographic Mobility –0.001 < 0.001 2.406 .0161
Race × Unemployment < 0.001 0.001 < 0.001 .9708
Race × Poverty –0.001 0.001 1.459 .1444
Race × Housing Density < 0.001 < 0.001 0.300 .7661
Race × Explicit Age Bias –0.008 0.008 1.077 .2810
Race × Implicit Age Bias 0.036 0.041 0.872 .3821

Note: Data from 204 counties were included in the analysis. Pseudo-R2 for the 
model was .73.

 at UNIV CALIFORNIA BERKELEY LIB on August 25, 2016pss.sagepub.comDownloaded from 

http://pss.sagepub.com/


Blacks’ Death Rate and Whites’ Bias 9

were less likely to see a health-care provider even if they 
were sick. If this were the case, it is possible that Blacks 
would have a higher death rate due to circulatory diseases in 
communities where Whites harbored more explicit racial 
bias. We tested this possibility in Study 2.

Study 2

In Study 2, we examined whether the Black-White dis-
parity in rate of death due to circulatory diseases was 
more pronounced in counties where Whites harbored 
more racial bias.

Data sources

Racial bias. Explicit and implicit racial biases were 
estimated with the methods described for Study 1.

Death rate. Death records for Blacks and Whites were 
obtained from the CDC (2014). Specifically, we examined 
rates (per 100,000) of death from circulatory diseases (e.g., 
heart disease; Internal Statistical Classification of Diseases 
and Related Health Problems codes I00–I99) in 2003 
through 2013. Circulatory diseases are the leading cause of 
death in the United States and have shown pervasive racial 
disparities in prevalence over time (U.S. Department of 
Health and Human Services, 2014). To account for poten-
tial age differences between counties and racial groups 
and allow for more meaningful comparisons, we used age-
adjusted death rates. To derive these age-adjusted rates, 
we used the default 2000 U.S. standard population detailed 
in Anderson and Rosenberg (1998).

We aggregated the data across males and females, 
given that sex did not moderate the effects of bias in 
Study 1, and aggregation minimized missing data (i.e., 
aggregated data were less likely to be suppressed by the 
CDC than were separated data for males and females). 
We were able to obtain death rates for Whites in 3,110 
counties and death rates for Blacks in 1,490 counties. 
Data were unavailable for counties recording fewer than 
10 deaths for a given group. Figure 1b shows the location 
of the 1,149 counties for which we obtained racial-bias 
data and death-rate data for both Blacks and Whites.

To determine whether racial bias predicted Black-
White disparities in deaths from causes other than circu-
latory diseases, we used the CDC (2014) data set to 
compile county-level data on age-adjusted rates of death 
due to neoplasm (e.g., cancer) for 2003 through 2013. We 
focused on death due to neoplasm because neoplasms 
are the second most prevalent cause of death in the 
United States (U.S. Department of Health and Human 
Services, 2014).

To isolate effects of interest, we incorporated the same 
set of county-level covariates used in Study 1, except for 

sex (because death rates were aggregated across males 
and females) and age (because death rates were already 
age adjusted).

Results

As in Study 1, we used GEEs to estimate all effects. Data 
from a given county were weighted in the analyses by 
the number of respondents who completed the racial-
bias measure in that county. As in Study 1, race was 
coded as 0 for Black and 1 for White, and all other pre-
dictors were mean-centered.

Figure 2c shows the relationship between Whites’ 
explicit racial bias and Blacks’ and Whites’ death rates 
due to circulatory diseases before accounting for covari-
ates. To test whether racial disparities in death rate due to 
circulatory diseases were more pronounced in counties 
where White respondents showed greater racial bias, 
even after controlling for a set of county-level covariates, 
we regressed circulatory-disease-related death rate on 
race, explicit racial bias, implicit racial bias, the Race × 
Explicit Racial Bias interaction, the Race × Implicit Racial 
Bias interaction, all covariates, and the interactions 
between race and the covariates (Table 3). The effect of 
explicit racial bias was qualified by the Race × Explicit 
Racial Bias interaction. Simple-slopes analyses indicated 
that the relationship between explicit racial bias and rate 
of death due to circulatory diseases was positive for both 
Blacks and Whites, but stronger for Blacks, b = 43.200, 
SE = 12.100, z = 3.559, p = .0004, than for Whites, b = 
13.900, SE = 4.970, z = 2.795, p = .0052. As in Study 1, the 
Race × Explicit Racial Bias interaction was significant 
over and above the effects of age bias, which suggests 
that racial bias specifically was related to Black-White 
disparities in death rate. Neither the main effect for 
implicit racial bias nor the Race × Implicit Racial Bias 
interaction was significant.

With all covariates included in the model, in counties 
with high (1 SD above the mean) explicit racial bias, the 
difference between Blacks’ and Whites’ death rates was 
62 deaths per 100,000. In contrast, in counties with low (1 
SD below the mean) explicit bias, the difference was 35 
deaths per 100,000. Furthermore, adjusting for all covari-
ates, we estimated how many more Blacks died of circu-
latory-related diseases annually in counties that were high 
(1 SD above the mean), rather than low (1 SD below the 
mean), in explicit racial bias. We made this estimate at the 
average Black population level in counties for which we 
had death-rate data for Blacks (average Black popula-
tion = 28,598); 11 more Blacks per county were predicted 
to die annually in high-explicit-bias counties (95 deaths) 
than in low-explicit-bias counties (84 deaths).

To determine whether similar effects would emerge for 
death rate not due to circulatory diseases, we regressed 
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rate of death due to neoplasm on the same predictors as 
in our analyses of deaths due to circulatory diseases. Nei-
ther the main effect of explicit racial bias nor the Race × 
Explicit Racial Bias interaction was significant, ps > .14. 
Moreover, when we modeled neoplasm death rate as a 
covariate in the model predicting death rate due to circu-
latory diseases, the Race × Explicit Racial Bias interaction 
remained significant, b = −21.100, SE = 9.240, z = 2.283, 
p = .0224. These findings suggest that that the relationship 
between explicit racial bias and death rate was specific to 
circulatory-related, and not neoplasm-related, disease. 
(See the Supplemental Material for additional analyses.)

Discussion

In counties where White respondents harbored more 
explicit racial bias, the rate of death from circulatory dis-
ease was increased for both Whites and Blacks. However, 
Whites’ explicit racial bias predicted this death rate more 

strongly for Blacks than for Whites. As in Study 1, explicit 
racial bias, compared with implicit racial bias, was a 
stronger predictor of Black-White health disparity.

General Discussion

In counties where White Project Implicit respondents 
harbored more explicit racial bias, Black-White dispari-
ties in access to affordable health care (Study 1) and rate 
of death due to circulatory diseases (Study 2) were more 
pronounced. The robustness of these findings was evi-
denced by the replication of the same pattern across two 
independent data sets that both included a large number 
of counties. Although the effects could have been driven 
by an unmeasured third variable, the fact that racial bias 
was a significant predictor in models with a large set of 
covariates supports the notion of a direct relationship 
between Whites’ racial bias and Black-White health 
disparities.

Table 3. Results of the Generalized Estimating Equation Analysis 
Predicting Death Rate Due to Circulatory Diseases in Study 2

Effect b SE z p

Race (Black = 0, White = 1) –48.400 7.000 6.917 < .0001
Explicit racial bias 43.200 12.100 3.559 .0004
Implicit racial bias 64.400 56.100 1.149 .2513
Race × Explicit Racial Bias –29.300 11.700 2.500 .0124
Race × Implicit Racial Bias –3.810 54.800 0.000 .9445
Total population –9.390 10.300 0.917 .3602
Black-to-White Ratio 92.300 25.400 3.632 .0003
Education –176.000 99.700 1.769 .0769
Income –8.200 4.140 1.982 .0475
Segregation 19.000 12.700 1.493 .1350
Geographic mobility –2.500 0.485 5.146 < .0001
Unemployment 2.140 1.180 1.817 .0695
Poverty 1.570 0.935 1.676 .0934
Housing density < 0.001 < 0.001 < 0.001 .9762
Explicit age bias –16.400 8.870 1.849 .0645
Implicit age bias 24.600 47.000 0.520 .6005
Race × Total Population –2.560 8.560 0.300 .7647
Race × Black-to-White Ratio –63.900 32.700 1.954 .0506
Race × Education –17.600 88.700 0.200 .8431
Race × Income 0.313 4.140 0.100 .9397
Race × Segregation –6.610 11.700 0.566 .5730
Race × Geographic Mobility 2.020 0.462 4.374 < .0001
Race × Unemployment –0.852 1.130 0.755 .4518
Race × Poverty –2.180 0.868 2.508 .0122
Race × Housing Density < 0.001 0.001 0.583 .5580
Race × Explicit Age Bias –1.170 8.480 0.141 .8903
Race × Implicit Age Bias 34.000 40.000 0.849 .3955

Note: Data from 1,776 counties were included in the analysis. Pseudo-R2 for the 
model was .42.
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To our knowledge, this is the first research to show 
that racial bias from a dominant group (e.g., Whites) pre-
dicts negative health outcomes more strongly for the tar-
get group (e.g., Blacks) than for the dominant group. 
These results are consistent with research that has shown 
that population-level bias (i.e., antigay attitudes), when 
aggregated across targeted and nontargeted groups, pre-
dicts negative health outcomes more strongly for the  
targeted than the nontargeted group (Hatzenbuehler, 
Bellatorre, et  al., 2014). However, the current results 
extend this previous work, which did not directly address 
the issue of whether the effects were driven by the domi-
nant group’s stigmatization of the targeted group or the 
targeted group’s self-stigmatization. Furthermore, by 
demonstrating a relationship between Whites’ racial 
biases and health outcomes of Blacks in the same com-
munity, these results support previous findings that 
Blacks’ subjective perceptions of racism are linked to 
their own health (Pascoe & Richman, 2009; Williams & 
Mohammed, 2009). However, because perceptions of 
racism can be shaped by race-based rejection sensitivity 
(Mendoza-Denton et al., 2002), we extended this previ-
ous work by measuring racial bias directly from Whites.

Additionally, to our knowledge, this is the first research 
to use geo-coded data on implicit bias to examine 
whether racial health disparities are more pronounced in 
communities where Whites show more implicit bias. 
Notably, when implicit bias was modeled without explicit 
bias, it showed patterns similar to those for explicit bias 
(see Tables S4 and S6 in the Supplemental Material), but 
when explicit and implicit biases were modeled together, 
only explicit bias predicted health outcomes. The null 
effects of implicit bias are informative, as research is 
increasingly focusing on the predictive utility of implicit 
bias in medical contexts (e.g., Hall et al., 2015), and it is 
important to identify the outcomes that are more strongly 
related to explicit than to implicit bias. One potential 
explanation for why Whites’ explicit bias was a stronger 
predictor than their implicit bias in the current work is 
that explicit bias has historically exerted stronger effects 
on the structural factors (e.g., regulation of environmen-
tal pollution) and psychological factors (e.g., overtly neg-
ative interracial interactions) that ultimately shape health 
outcomes.

One limitation of this research is that the respondents 
who completed Project Implicit’s racial-bias measures 
might not have been representative of their counties on 
all dimensions. For instance, Project Implicit respondents 
might not reflect racial biases of older community mem-
bers. Though we employed a poststratification weighting 
scheme designed to circumvent this limitation, no amount 
of poststratification weighting can make a sample truly 
representative on all dimensions. Thus, future research 

should examine whether the observed effects remain 
when bias is measured with full probability sampling.

Another limitation is that we did not have data on the 
geographic mobility of specific individuals for whom we 
assessed health outcomes. It is possible that the deceased 
in Study 2 had moved to their communities soon before 
their deaths and had died before the racial bias of their 
communities had any effect on their health. However, 
two lines of evidence suggest that this scenario occurs 
relatively infrequently. First, 95% of the people who died 
from circulatory-disease-related causes were over age 55 
(CDC, 2014), and the median duration of residency for 
people in this age group is more than 11 years (Mateyka 
& Marlay, 2011). Second, when people of this age do 
move, they are more likely to move to another residence 
within the same county than to a different county (data 
from the U.S. Census Bureau’s 2009–2013 ACS: report 
titled Geographic Mobility by Selected Characteristics in 
the United States). Together, this evidence suggests that 
many people are geographically stable in the years lead-
ing to their death. Nevertheless, future research might 
further examine the role of geographic mobility in the 
relationship between racial bias and health.

The finding that Whites’ circulatory-disease-related 
death rate was increased in counties where White respon-
dents harbored greater explicit bias is consistent with 
research showing that racial bias is linked to negative 
health outcomes for Whites (Kennedy et  al., 1997; Lee 
et  al., 2015; Mendes, Gray, Mendoza-Denton, Major, & 
Epel, 2007). One explanation for this finding, suggested 
by recent research (Lee et al., 2015), is that highly biased 
communities have decreased social capital (i.e., trust and 
bonding between community members), which in turn 
predicts negative health outcomes.

Though the current research does not establish that 
White respondents’ racial bias caused the observed 
health disparities between Whites and Blacks, the rela-
tionships between Whites’ racial bias and Black-White 
health disparities were independent of a large set of 
county-level socio-demographic characteristics. Thus, 
our findings raise compelling questions about the mecha-
nisms through which Whites’ racial bias can be related to 
health outcomes. On the basis of existing theoretical 
frameworks (Clark et  al., 1999; Hatzenbuehler et  al., 
2013; Major et  al., 2013), we posit that multiple causal 
pathways might account for this relationship. These path-
ways might include structural (e.g., discrimination in 
health care), interpersonal (e.g., hostile interactions), 
emotional (e.g., stress), and behavioral (e.g., maladaptive 
coping) processes that catalyze biological systems that 
increase disease risk. We hope that the current work 
serves to generate future research examining why there 
is a relationship between racial bias and health.
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